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Abstract

Diffusion models have demonstrated remarkable success in
generative tasks, including audio super-resolution (SR). In
many applications like movie post-production and album mas-
tering, substantial computational budgets are available for
achieving superior audio quality. However, while existing dif-
fusion approaches typically increase sampling steps to im-
prove quality, the performance remains fundamentally limited
by the stochastic nature of the sampling process, leading to
high-variance and quality-limited outputs. Here, rather than
simply increasing the number of sampling steps, we propose
a different paradigm through inference-time scaling for SR,
which explores multiple solution trajectories during the sam-
pling process. Different task-specific verifiers are developed,
and two search algorithms, including the random search and
zero-order search for SR, are introduced. By actively guiding
the exploration of the high-dimensional solution space through
verifier-algorithm combinations, we enable more robust and
higher-quality outputs. Through extensive validation across
diverse audio domains (speech, music, sound effects) and fre-
quency ranges, we demonstrate consistent performance gains,
achieving improvements of up to 9.70% in aesthetics, 5.88%
in speaker similarity, 15.20% in word error rate, and 46.98%
in spectral distance for speech SR from 4 kHz to 24 kHz, show-
casing the effectiveness of our approach.

Demo Page — https://racerk.github.io/tt-scale-audiosr

Introduction
Audio super-resolution (SR) aims to estimate high-frequency
components from a low-resolution (LR) audio signal, thereby
expanding its bandwidth and enhancing perceptual quality.
Generally, audio SR is an ill-posed task, as the missing high-
frequency content cannot be uniquely inferred from the ob-
served low-frequency signal. In practice, this manifests as
a one-to-many mapping problem: a single LR input may
correspond to multiple plausible high-resolution (HR) out-
puts (Liu et al. 2021; Ye et al. 2023; Yu et al. 2023; Lee and
Heo 2024). Deterministic models, which produce a single
output that typically regresses to the average of all plausible
HR outputs (Wang et al. 2018; Lee and Heo 2024), often
fail to capture the mapping dynamics, limiting their ability to
generate consistently high-quality HR predictions.
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Recent advancements in diffusion models have shown
great promise in modeling the distribution of high-
dimensional data such as audio waveforms and spectrograms
(Chen et al. 2024; Liu et al. 2023; Shen et al. 2023; Ye
et al. 2024, 2023). Unlike traditional discriminative models,
diffusion models learn to reverse a forward noise process,
sampling from a Gaussian noise and iteratively transforming
it into realistic data sample. Early works like NU-Wave (Lee
and Han 2021) pioneers the use of diffusion model for audio
SR, while NU-Wave2 (Han and Lee 2022) improves upon
this by incorporating short-time Fourier convolution for more
effective spectral modeling. To better handle mismatches
between training and testing bandwidths—common in real-
world scenarios where audio may be captured from diverse
environments or devices with varying frequency responses,
compression artifacts, or sampling rates, several models in-
cluding NVSR (Liu et al. 2022), NU-Wave2 (Han and Lee
2022), and AudioSR (Liu et al. 2024) support flexible input
bandwidths. Among them, AudioSR is notable for generaliz-
ing beyond the speech domain to more diverse audio content
such as music and sound effects.

However, existing approaches have largely overlooked the
role of inference-time randomness and uncertainty (Han and
Lee 2022; Lee and Han 2021; Liu et al. 2024). Diffusion
models inherently introduce sampling stochasticity, generat-
ing different HR outputs from the same LR input. Although
this randomness is fundamental to the generative process (Ho,
Jain, and Abbeel 2020; Song et al. 2020; Lu et al. 2022), its
impact on perceptual audio quality has remained largely un-
controlled. In practice, we observe that perceptually similar
LR signals can correspond to semantically distinct HR wave-
forms. For instance, in speech, different timbres or phonemes
may be downsampled into nearly identical LR representa-
tions. Reversely, naive SR models often generate HR outputs
with mismatched generation targets, which degrade intelli-
gibility or alter speaker characteristics—evidenced by in-
creased Word Error Rate and lower Speaker Similarity scores.
Similarly, in music and sound effects, low-frequency compo-
nents alone may not convey the full semantic content of the
original signal, resulting in HR predictions that diverge from
the intended meaning. These degradations in task-specific at-
tributes call for targeted strategies during diffusion sampling
process to restore lost attributes without retraining the model
to retain both diversity and accuracy.
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Recently, the study of Large Language Models has shown
that allocating more computational resources at inference
time through sophisticated search strategies can yield higher-
quality and more contextually appropriate responses. This
concept, known as inference-time scaling, highlights a
promising direction for enhancing model performance with-
out altering the training process (Brown et al. 2024; Snell
et al. 2024; Ye et al. 2025). Analogously, inference-time scal-
ing has been explored in diffusion models for vision tasks,
where increasing the compute budget beyond denoising steps,
has been shown to improve generative quality (Ma et al. 2025;
Xie et al. 2025; Zhang et al. 2025c,d).

Inference-time scaling techniques remain largely under-
explored in the audio domain for diffusion models (Zang,
Li, and Kong 2025). In this work, we introduce a unified
framework that applies inference-time scaling to improve
audio SR quality by increasing the compute budget during
inference. Specifically, our method samples multiple HR can-
didates using inference-time search algorithms and evaluates
them using task-specific search verifiers, and selects the best-
performing outputs. This approach allows us to navigate the
solution space more effectively and recover critical percep-
tual qualities lost during vanilla SR generation. During this
process, we find that over-optimizing with a single verifier
can lead to overfitting and unintended artifacts (Clark et al.
2023; Pan, Bhatia, and Steinhardt 2022). To mitigate this,
we ensemble multiple verifiers with complementary goals,
enabling better trade-offs and more reliable improvements
across diverse metrics.

Beyond performance gains, we quantify the range of the
search space induced by different algorithms and examine
the sample-wise variability of the diffusion process via un-
certainty estimation.

Our key contributions are summarized as follows:
• We present the first systematic study of inference-time

scaling for diffusion models in the audio domain, intro-
ducing a general framework that combines verifier-guided
search with scalable compute algorithms to enhance per-
ceptual quality across diverse audio types for the task of
audio SR.

• We analyze verifier hacking effect and employ a verifier
ensembling strategy to mitigate it, enabling better trade-
offs across evaluation metrics. Our analysis further reveals
that different task and upsampling settings exhibit distinct
preferences for specific verifier–algorithm configurations.

• We quantitatively characterize the range of search space
induced by different search algorithms, and perform uncer-
tainty estimation of individual samples to reveal stochastic
dynamics in the diffusion process for audio SR.

Related Work
Denoising Diffusion Probabilistic Models (DDPMs) have
emerged as a leading class of generative models capable of
producing high-fidelity outputs across a variety of domains,
including images, 3D, audio, and video (Ho, Jain, and Abbeel
2020; Song, Meng, and Ermon 2020; Rombach et al. 2022;
Guo et al. 2023; Liu et al. 2023; Shen et al. 2023; García et al.
2025; Tian et al. 2025; Wu et al. 2025; Zhang et al. 2025b).

DDPMs define a forward diffusion process that gradually cor-
rupts clean data by adding Gaussian noise over T steps, and
learn to reverse this process via a parameterized denoising
network.

The original DDPM sampling process is computationally
expensive due to its many iterative steps. To address this prob-
lem, Denoising Diffusion Implicit Model (DDIM) (Song,
Meng, and Ermon 2020) introduces a deterministic, non-
Markovian alternative to reverse sampling, enabling much
faster generation while maintaining quality. Furthermore, to
enable conditional generation without the need for explicit
supervision, classifier-free guidance (Ho and Salimans 2022)
allows the model to trade off between fidelity and condi-
tioning strength by interpolating between unconditional and
conditional predictions during inference.

As diffusion models scale to more complex data, such as
high-resolution audio waveforms, efficiency becomes even
more critical. Latent Diffusion Models (LDMs) (Rombach
et al. 2022) address this challenge by moving the generative
process into a learned latent space. A variational autoencoder
first compresses the data into a lower-dimensional represen-
tation where diffusion is more efficient, and a decoder then
reconstructs the signal back into its original form. In the au-
dio domain, this approach proves especially effective due to
the high temporal resolution and redundancy of waveform
data. Instead of modeling raw waveforms directly, recent
methods generate high-resolution mel-spectrograms in latent
space, which are then converted into waveforms using neural
vocoders (Ren et al. 2020, 2019; Ye et al. 2023). This two-
stage architecture achieves both computational efficiency and
high perceptual quality.

Methodology
Overview
We propose a unified inference-time scaling framework for
audio SR with diffusion models, as illustrated in Figure 1.
Our approach systematically explores the generative search
space at inference by generating multiple HR audio candi-
dates from an LR input and selecting the most promising
output according to task-specific criteria. This is achieved by
integrating two key components: (1) search verifiers, which
evaluate the perceptual or semantic quality of each candi-
date, and (2) search algorithms, which efficiently traverse the
candidate space guided by verifier feedback.

For the underlying audio SR model, we adopt the state-of-
the-art AudioSR (Liu et al. 2024), which is based on LDM
tailored for audio. AudioSR first predicts the HR Mel spectro-
gram conditioned on the LR input, and then reconstructs the
waveform using a pretrained HiFiGAN-based vocoder (Kong,
Kim, and Bae 2020; You et al. 2021). AudioSR supports a
wide range of cutoff frequencies and audio types.

Following (Ma et al. 2025), our inference-time scaling
framework is structured along two principal axes:

Verifiers are pretrained evaluation modules that assign
scalar scores to generated HR audio, reflecting their qual-
ity with respect to specific tasks or conditions. Formally, a
verifier is defined as

V : XT ×Cd → R, (1)
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Figure 1: Overview of our inference-time scaling framework for audio SR. Given a LR input, multiple HR candidates are
generated via diffusion sampling. A search algorithm explores this candidate space, guided by a verifier that scores each output
based on a reference or task-specific criterion. The bottom row presents detailed STFT spectrograms of a music example. The
selected output better aligns with the conditional text description and exhibits structural patterns closer to the reference.

where XT denotes the HR waveform of length T , and Cd

is an optional conditioning input (e.g., text, transcript, or
audio prompt). Verifiers guide the ranking and selection of
candidates, steering generation toward outputs that better
satisfy task objectives.

Search Algorithms leverage verifier scores to identify the
best HR candidate from a set of generated samples. Formally,
a search algorithm is represented as

f : V × Dθ × {XT }N ×Cd → XT , (2)

where Dθ is the pretrained diffusion-based AudioSR model,
and N is the number of candidate HR waveforms generated
per inference. The algorithm selects the candidate with the
highest verifier score, enabling systematic comparison across
different verifier–algorithm configurations. For fair evalua-
tion and efficient searching, we fix N during inference-time
search for each method.

We further detail the search verifiers and search algorithms
designed for audio SR as below.

Search Verifiers
We categorize search verifiers into two classes: Oracle Ver-
ifier and Supervised Verifier, based on their access to privi-
leged information (Ma et al. 2025).

Oracle Verifier assumes access to ground-truth reference
signals and directly evaluates each candidate using a full-
reference metric. In the context of audio SR, we adopt the
Log-Spectrogram Distance (LSD) Verifier as the oracle
verifier. LSD computes the L2 distance between the log-
magnitude Short-Time Fourier Transform (STFT) spectro-
grams of the generated and reference audio. By operating in
the log-spectral domain, it emphasizes perceptually salient
differences. LSD is widely used in speech and audio restora-
tion tasks as a perceptual proxy for audio fidelity (Liu et al.
2024, 2022; Wang and Wang 2021).

Supervised Verifiers are employed under practical condi-
tions where ground-truth reference signals are not accessible
during inference. These verifiers consist of pretrained mod-
els that evaluate perceptual and semantic quality based on

auxiliary conditioning inputs, rather than directly comparing
against a reference signal.

For speech, we adopt the following verifiers:

• Speaker Similarity (SpkSim) Verifier: conditioned on
a reference utterance from the target speaker, this veri-
fier measures timbral consistency between the generated
speech and the target speaker identity. It uses embeddings
extracted from a pre-trained WavLM model (Chen et al.
2022).

• Word Error Rate (WER) Verifier: conditioned on target
transcripts, it estimates transcription accuracy using a pre-
trained automatic speech recognition (ASR) model (Gao
et al. 2023; Radford et al. 2023) and computes the edit
distance between predicted and reference text.

• Aesthetics (AES) Verifier: operating without any exter-
nal conditioning, the AudioBox-Aesthetics model (Tjandra
et al. 2025) offers no-reference audio quality assessment
across four dimensions: Content Enjoyment (CE), Content
Usefulness (CU), Production Complexity (PC), and Pro-
duction Quality (PQ), providing a broad and interpretable
evaluation for diverse audio types.

For non-speech audio such as music and sound effects, we
utilize:

• CLAP Verifier: conditioned on textual descriptions, this
verifier uses the Contrastive Language-Audio Pretraining
(CLAP) model (Elizalde et al. 2023) to assess semantic
alignment between the generated audio and its associated
caption.

• Aesthetics (AES) Verifier: as described above, applied to
non-speech audio for assessing overall perceptual quality
in a modality-agnostic fashion.

To reflect real-world scenarios where ground-truth refer-
ences are unavailable, we primarily use supervised verifiers
to guide the search, while reserving the oracle verifier for
evaluation purposes. To improve robustness and mitigate the
issue of verifier overfitting—commonly referred to as verifier
hacking, where the generation process may overly adapt to
a specific verifier’s scoring criteria, we further employ the

14984



Ensemble Verifier. This approach combines the feedback
of all relevant supervised verifiers for a given audio cate-
gory. Due to differences in scoring scales across verifiers,
we adopt a rank-based aggregation strategy: for each sample,
we compute its relative rank under each component verifier,
then average these ranks to obtain a unified ensemble score.
This strategy is also applied internally within the Aesthetics
Verifier, where we aggregate the rank scores across CE, CU,
PC, and PQ to produce a holistic quality estimate.

Search Algorithms
Following the framework established in (Ma et al. 2025), we
adopt two representative search algorithms: Random Search
and Zero-Order Search.

Random Search (as shown in Algorithm 1) is the most
straightforward strategy, implemented by sampling a set of
N initial Gaussian noises from an isotropic distribution. Each
noise sample is then passed through the DDIM sampler to
generate HR outputs. The top-1 result is selected according
to the verifier score. While simple, this method is prone to
verifier hacking, as it explores the entire latent space without
constraint, often exploiting verifier-specific biases (Clark et al.
2023; Ma et al. 2025; Pan, Bhatia, and Steinhardt 2022).

Zero-Order Search (as shown in Algorithm 2) incorpo-
rates iterative refinement around the selected pivot noise.
This process starts with a randomly sampled noise n, and
then explores a neighborhood around it. Formally, a local
neighborhood is defined as

Sλ
n,i = {y : d(y,n) = λ}Ki=1, (3)

where d(·, ·) denotes a distance metric and λ defines the
distance of the search. From this neighborhood, K candidates
are generated and evaluated. The top-1 candidate is selected
and then used as the new pivot noise. This process is repeated
iteratively, gradually refining the search within a local region
of the latent space.

Search Space Range Estimation
Existing research has yet to quantitatively characterize the
range of the search space induced by different search verifier-
algorithm combinations, primarily due to limitations in task
granularity and evaluation precision. The audio SR task
presents a particularly suitable setting to bridge this gap,
as the generated HR outputs are structurally aligned with the
LR inputs, yet exhibit substantial perceptual variability.

For a given algorithm-verifier pair, let SN = {x(i)}Ni=1 de-
note a set of N generated HR outputs. We define the variance
of the search space as the average LSD between the STFT of
each candidate and the mean spectrogram of the set:

µN =
1

N

N∑
i=1

STFT(x(i))

Var(SN ) =
1

N

N∑
i=1

LSD
[
STFT(x(i)), µN

] (4)

This variance serves as a proxy for the search space’s diver-
sity, reflecting the spread of plausible HR estimations under
the given inference-time configuration.

Algorithm 1: Random Search
1: Input: Pretrained DM Dθ ,Verifier V ,Number of Candidates N
2: for i = 1 to N do
3: Sample noise ϵi ∼ N (0, I)

4: Generate sample x(i) = Dθ(ϵi)

5: Evaluate score s(i) = V(x(i))
6: end for
7: Select top-1 output x∗ = argmaxi s

(i)

8: return x∗

Algorithm 2: Zero-Order Search
1: Input: Initial noise n0, Search Distance λ, Neighbors K,
2: Pretrained DM Dθ , Verifier V , Number of Candidates N
3: for i = 1 to N/K do
4: for k = 1 to K do
5: Sample noise ϵ(i) at distance λ

6: Generate sample x(i) = Dθ(ϵ
(i))

7: Evaluate score s(i) = V(x(i))
8: end for
9: Update n0 = ϵ(i

∗), i∗ = argmaxi s
(i)

10: end for
11: return Dθ(n0)

Uncertainty Estimation
Recent advances in image SR have highlighted the value of
uncertainty modeling. For example, (Ning et al. 2021) in-
tegrates spatial uncertainty into the training loss to enforce
stronger supervision in ambiguous regions. Similarly, (Zhang
et al. 2025a) leverages deterministic models to estimate un-
certainty via residuals between downsampled and upsampled
images, guiding region-specific noise control for better recon-
struction. However, such residual-based strategies are less
applicable to audio SR due to the absence of a well-defined
HR spectrogram after downsampling and upsampling opera-
tions. As a result, residuals fail to capture the true ambiguity
of HR estimation.

To address this, we propose to estimate uncertainty directly
from the stochastic nature of diffusion sampling. We compute
an uncertainty map (Zhang et al. 2025a) by measuring the
variance across time-frequency bins in the STFT domain over
multiple generations from the same LR input. This approach
reveals fine-grained regions of variability, providing insight
into the ill-posedness of the task and the sensitivity of dif-
ferent spectral regions to sampling noise. Specifically, we
estimate the variance at each time-frequency bin across all
STFTs in SN , and normalize the resulting values linearly:

U(t, f) =
Var

[
STFT(x(i))t,f

]N
i=1

−min

max−min+ϵ
,

min = minVar
[
STFT(x(i))t,f

]N
i=1

,

max = maxVar
[
STFT(x(i))t,f

]N
i=1

,

(5)

where U(t, f) denotes the normalized uncertainty score at
time frame t and frequency bin f , and ϵ is a small constant for
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numerical stability. This formulation highlights regions with
high generative variance, revealing time-frequency structures
that are inherently ambiguous or sensitive to the generative
stochasticity of diffusion models.

Experiments
Evaluation Datasets
We construct three curated evaluation benchmarks, each com-
prising 200 samples, to assess model performance across
different audio types: VCTK (Liu et al. 2022) for speech,
MusicCaps (Agostinelli et al. 2023) for music, and ESC-50
(Piczak 2015) for sound effects. These datasets are tailored
to reflect the specific characteristics and evaluation criteria
of each audio domain. The detailed settings for each audio
type are as follows.

For Speech, to evaluate intelligibility and speaker consis-
tency, we use the ground-truth transcripts provided by VCTK
to compute the Word Error Rate (WER). Additionally, we
randomly sample other utterances from the same speaker to
serve as audio references for the Speaker Similarity (SpkSim)
Verifier. For Music, to ensure evaluation quality, we first
pre-filter low-quality samples using MusicCaps captions by
discarding entries containing keywords such as “mediocre”,

“low quality”, or “low fidelity”. From the remaining subset, we
select samples that span diverse genres and exhibit rich high-
frequency content, thereby better testing the SR capability.
For Sound Effect, since ESC-50 lacks human-written descrip-
tions, we generate audio captions using Qwen2-Audio (Chu
et al. 2024), conditioned on the original ESC-50 category
keywords. These synthesized captions are then paired with
their corresponding audio clips and used in CLAP Verifier,
which evaluates semantic alignment via contrastive audio-
text embeddings.

Search Settings
For AudioSR, we retain its default settings using 50 DDIM
sampling steps and classifier-free guidance scale of 3.5 during
inference-time sampling. We fix the size of the inference-time
search space to N = 120 for each algorithm-verifier pair. For
each configuration, we select the top-1 HR output according
to the verifier scores. We denote Random Search and Zero-
Order Search as Random and Zero-Order, respectively.
The Zero-Order Search algorithm is configured with K = 2
neighborhood candidates and a search distance parameter of
λ = 0.99.

Experiment Result Analysis
Effectiveness of Scaling Inference-Time Compute. As
shown in Table 1 and Figure 2, we present a comprehen-
sive evaluation of performance improvements across verifier-
algorithm combinations for speech, music, and sound effects
at cutoff frequencies of 4 kHz and 8 kHz. While vanilla audio
SR improves perceptual fidelity in general, it often comes
at the cost of degrading critical attributes when compared to
the LR input. For speech, this degradation is particularly evi-
dent in metrics such as Speaker Similarity and WER, which
reflect speaker consistency and intelligibility. Similarly, for
music and sound effects, we observe a consistent drop in

AES Verifier SpkSim Verifier WER Verifier Ensemble Verifier
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(a) Speech, from 4 kHz to 24 kHz.
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(b) Music, from 4 kHz to 24 kHz.

AES Verifier CLAP Verifier Ensemble Verifier
−20
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(c) Sound Effect, from 4 kHz to 24 kHz.

Figure 2: Performance improvements over the LR input
across different audio types using inference-time Random
Search with various verifiers from 4 kHz to 24 kHz. The
enhancement denotes the relative improvement over LR un-
der each evaluation metric. For Aesthetics (AES), Speaker
Similarity (SpkSim) and CLAP Score, enhancements reflect
relative increases. For Word Error Rate (WER) and Log Spec-
trogram Distance (LSD), improvements are computed as rel-
ative reductions.

CLAP Score, which measures the alignment between audio
and semantic content. These findings underscore the lim-
itations of vanilla SR generation and motivate the use of
verifier-guided inference-time scaling strategies to restore
such domain-specific qualities. Crucially, we find that when
the verifier used for search directly aligns with the evalua-
tion metric—such as using the Speaker Similarity Verifier
to optimize Speaker Similarity, or the CLAP Verifier to im-
prove CLAP Score—Random Search consistently outper-
forms Zero-Order Search in recovering the lost performance.
This is largely due to its ability to explore a broader candi-
date space, enabling more effective correction of deficiencies
introduced by the vanilla SR process.

Search Space Range Estimation. Empirical evidence sug-
gests that Random Search has a higher likelihood of locating
global optima, whereas Zero-Order Search exhibits stronger
locality due to its iterative refinements around selected initial
noise samples (Ma et al. 2025). To quantitatively assess this
behavior, we estimate the search space range using Equa-
tion 4. As shown in Table 2, the search space range tends
to be larger for lower cutoff frequencies compared to their
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Speech

4 kHz 8 kHz

AES(↑) SpkSim(↑) WER(↓) LSD(↓) AES(↑) SpkSim(↑) WER(↓) LSD(↓)

LR Input 4.74 0.510 0.125 3.15 5.16 0.596 0.116 2.84

Vanilla AudioSR 4.74 0.370 0.263 1.73 5.18 0.535 0.136 1.62

AES Verifier
+ Random 5.23 0.493 0.144 1.67 5.32 0.572 0.123 1.53
+ Zero-Order 5.03 0.458 0.156 1.66 5.23 0.570 0.116 1.53

SpkSim Verifier
+ Random 5.11 0.573 0.161 1.67 5.25 0.617 0.116 1.58
+ Zero-Order 4.99 0.471 0.165 1.66 5.22 0.582 0.121 1.53

WER Verifier
+ Random 5.05 0.463 0.099 1.70 5.25 0.575 0.105 1.58
+ Zero-Order 4.98 0.458 0.154 1.66 5.21 0.575 0.114 1.53

Ensemble Verifier
+ Random 5.20 0.540 0.106 1.67 5.31 0.601 0.106 1.55
+ Zero-Order 5.02 0.469 0.152 1.66 5.23 0.578 0.113 1.53

Music Sound Effect

4 kHz 8 kHz 4 kHz 8 kHz

AES(↑) CLAP(↑) LSD(↓) AES(↑) CLAP(↑) LSD(↓) AES(↑) CLAP(↑) LSD(↓) AES(↑) CLAP(↑) LSD(↓)

LR Input 6.06 0.340 3.95 6.47 0.352 3.09 4.16 0.458 3.97 4.42 0.481 3.33

Vanilla AudioSR 6.57 0.303 2.20 6.63 0.323 2.05 4.22 0.343 2.86 4.43 0.421 2.49

AES Verifier
+ Random 7.05 0.346 2.14 6.94 0.358 2.03 4.72 0.392 2.67 4.72 0.455 2.49
+ Zero-Order 6.81 0.344 2.15 6.79 0.352 2.02 4.45 0.398 2.76 4.54 0.457 2.44

CLAP Verifier
+ Random 6.80 0.414 2.12 6.75 0.424 2.04 4.39 0.495 2.77 4.51 0.522 2.53
+ Zero-Order 6.77 0.357 2.16 6.77 0.373 2.05 4.39 0.409 2.74 4.50 0.471 2.43

Ensemble Verifier
+ Random 6.97 0.394 2.09 6.89 0.404 2.03 4.62 0.464 2.65 4.65 0.502 2.48
+ Zero-Order 6.79 0.352 2.18 6.78 0.368 2.03 4.41 0.415 2.72 4.54 0.469 2.43

Table 1: Comprehensive evaluation of inference-time scaling across verifier-algorithm combinations for speech, music, and
sound effects at cutoff frequencies of 4 kHz and 8 kHz. Bold indicates top-1 performance, underline denotes top-2, and italics
highlight cases where the performance of the generated output is worse than the LR input. AES, SpkSim, WER, and LSD stand
for Aesthetics Score, Speaker Similarity, Word Error Rate, and Log-Spectrogram Distance, respectively. The Ensemble Verifier
aggregates AES, SpkSim, WER scores for speech, and AES, CLAP scores for music and sound effects. Random and Zero-Order
denote Random Search and Zero-Order Search, respectively.

Algorithm 4 kHz 8 kHz Average
Speech Music Sound Effect Speech Music Sound Effect LSD Variance

Random 0.673 0.921 1.25 0.577 0.868 1.10 0.898
Zero-Order 0.608 0.790 0.947 0.529 0.750 0.940 0.761

Table 2: Comparison of search range across algorithms based on LSD variance for different audio types at 4 kHz, 8 kHz, and
their average. Random and Zero-Order denote Random Search and Zero-Order Search, respectively.

higher-frequency counterparts. Moreover, we observe a pro-
gressive increase in search space range from speech to music
and then to sound effects, suggesting rising levels of uncer-
tainty across these audio types. Consistently, Random Search
exhibits a significantly wider search range than Zero-Order
Search, confirming its advantage in exploring diverse genera-
tive candidates.

Uncertainty Estimation. One of the central challenges in
audio SR with diffusion models stems from the inherent ran-
domness of the denoising process, which leads to significant
output variability across different sampling runs. However,
this stochastic behavior is often under-characterized. To ad-
dress this, we employ uncertainty map visualization as an
interpretability tool to highlight the localized variance pat-
terns embedded within individual samples, as shown in Fig-
ure 4. For implementation, we compute the variance across

the time-frequency bins of STFT spectrograms derived from
Random Search generation candidates, since this algorithm
has a wider search range. To enhance visual interpretability,
we apply percentile-based contrast normalization by clip-
ping values above the 90th percentile, thus emphasizing the
structure of salient uncertainty regions prior to rendering.

Verifier Hacking. To examine the implications of scaling
up inference-time compute, we focus our analysis on Random
Search, which offers a wider search range. This setting al-
lows us to better isolate the phenomenon of verifier hacking,
where the optimization overfits to a specific verifier with-
out achieving meaningful or comprehensive improvements.
As shown in Figure 3, we present the relative performance
improvements while scaling up inference-time compute bud-
get in Random Search over the default generation in speech
from 4 kHz to 24 kHz. Among the verifiers, LSD Verifier
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Figure 3: Relative performance improvements over the default generation (vanilla AudioSR) for speech from 4 kHz to 24 kHz in
Random Search, demonstrating the effect of inference-time scaling across different verifier types. LSD, AES, SpkSim, and WER
refer to Log Spectrogram Distance, Aesthetics Score, Speaker Similarity, and Word Error Rate, respectively. The Ensemble
Verifier aggregates AES, SpkSim, and WER by averaging their rank scores.

Uncertainty Map Ground Truth

Speech

Music

Sound Effect

Figure 4: Visualization of uncertainty maps over STFT spec-
trograms across diverse audio types. Brighter regions indi-
cate higher generative uncertainty across diffusion samples.
Overlapping high-uncertainty areas reflect divergent spec-
tral realizations, underscoring the necessity of inference-time
scaling to identify perceptually optimal outputs.

serves as Oracle Verifier, with an access to ground-truth refer-
ences while searching. Aesthetics (AES), Speaker Similarity
(SpkSim), Word Error Rate (WER), CLAP and Ensemble
Verifiers are treated as Supervised Verifiers, which we employ
at practical settings without referring to ground-truth signals
while searching.

Among the evaluation metrics for speech, WER behaves
uniquely. Notably, when guided by the Oracle Verifier, LSD
Verifier, we observe that higher LSD scores do not necessarily
correspond to improvements in essential speech attributes,
particularly WER. In fact, WER often worsens even as LSD
improves, revealing a misalignment between general fidelity
and intelligibility. This highlights the need for Supervised
Verifiers during inference-time search to preserve perceptual
quality specific to the speech SR task.

Furthermore, while the WER Verifier is effective in im-
proving WER alone, it provides limited gains in other metrics,
emphasizing its narrow focus. As we scale up the inference-

time compute budget, we observe that both the Aesthetics
and Speaker Similarity Verifiers begin to exhibit diminish-
ing or even negative returns on WER beyond a search space
size of approximately 23 ∼ 24, indicating a verifier hack-
ing phenomenon, where the search process overfits to the
verifier at the cost of overall quality. In contrast, the Ensem-
ble Verifier mitigates such overfitting by averaging the ranks
from multiple verifiers (AES, SpkSim, and WER), leading
to a more balanced trade-off across all metrics and achieving
meaningful improvements in WER without compromising
other perceptual qualities.

Verifier-Algorithm-Task Alignment. When upsampling
from 4 kHz to 24 kHz, the combination of Ensemble Verifier
and Random Search consistently achieves the best overall
trade-off across audio types. As the SR setting shifts from
4 kHz to 8 kHz inputs (both targeting 24 kHz), different audio
domains exhibit distinct verifier–algorithm preferences. For
speech, this combination remains superior due to its balanced
enhancement of intelligibility and timbre, while for music
and sound effects, we observe a stronger affinity toward the
Aesthetics and CLAP verifiers, respectively.

Conclusion

This work presents a comprehensive study of inference-time
scaling for diffusion models in the context of audio SR. We
propose a unified framework that explores scalable search
strategies guided by diverse verifier-algorithm combinations,
achieving consistent improvements across audio types and
cutoff frequencies. We further identify the phenomenon of
verifier hacking and demonstrate that verifier ensembling
effectively mitigates this issue by balancing competing per-
ceptual objectives. Beyond performance gains, we quantify
search space ranges via LSD variance, revealing how search
dynamics vary across domains and upsampling settings. We
also introduce variance-based uncertainty maps to highlight
time-frequency regions sensitive to generative noise, offering
deeper insights into the stochasticity and ill-posedness of the
audio SR task, while opening up promising directions for
future research in uncertainty-aware diffusion modeling in
audio generation.
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